Crane safety evaluation is significant for reducing the casualties and economic losses. Various evaluation methods have been applied to evaluate crane safety. However, when index standard with respect to every level is described in terms of intervals, existing crane safety evaluation models are not ideal. Although variable fuzzy sets (VFS) method has successfully solved similar problems, its evaluation processes are rather complex complicated and tedious. In this paper, we provided an improved VFS evaluation method with normal membership function for solving crane safety problem, in which the evaluation criteria are described in terms of intervals. To demonstrate our presented method, the improved variable fuzzy sets (IVFS) method was applied to two numerical cases including an application to crane safety assessment. It is shown that our proposed method possesses the merit to simplify assessment processes of traditional VFS and can be applied to assess crane safety when criteria values are defined as interval numbers.
Introduction
As a high-risk special equipment, crane has been widely used in industrial and mining enterprises, real estate, ports, railway transportation, and so forth [1] . Its safety problems constituted a great threat to people's life and property. According to the record from US Labor Statistics, there were 632 cranerelated construction worker deaths from 1992 to 2006 in the United States [2] . Besides, there were 41 fatalities resulting from crane accidents in 2006 in Japan [3] . Only in the year of 2015, China recorded 79 crane accidents, accounting for 30.74% of the total special equipment accidents [4] . Crane safety problems have been received extensive attention [5, 6] .
In order to guarantee the safety of the crane, many fuzzy theories and methods have been employed to assess crane safety such as fuzzy AHP [7, 8] , 3-scale AHP [9] , uncertainty measurement theory [10, 11] , and grey theory [12] . Although fuzzy mathematics methods possess the advantages of simple calculation and easy understanding, but these evaluation models rely heavily on experts' judgments and their personal experiences. In recent years, the intelligent evaluation methods based on machine learning, such as BP artificial neural network [13] , fuzzy neural network [14] , support vector machine [15] , and Fisher discriminance and analysis method [16] , were applied in the crane safety evaluation, but these artificial intelligent assessment approaches depend on reliable and typical samples which are often unavailable, so as to restrict its application. In practice, fuzzy evaluation methods are most commonly used in crane safety assessment. However, existing crane safety evaluation models are not ideal, when index standard with respect to every level is described in terms of interval. As a matter fact, in many applications, evaluation standards of crane index are given as intervals [17, 18] . To solve the problem, new assessment model for crane safety should be deeply investigated.
Fortunately, VFS proposed by Chen can successfully deal with similar problems [19] . It has been widely applied in such fields as flood control systems evaluation [20] , agricultural drought risk assessment [21] , and water quality assessment [22] . However, its calculation is complicated and tedious [23, 24] . In spite of the fact that Wu's set pair analysis-variable fuzzy sets (SPA-VFS) method [23] simplifies assessment processes, some concepts of SPA are not easy to understand and the calculation of RMD is not very intuitive. This will 2 Mathematical Problems in Engineering be illustrated in Section 4 through the examination of a case. To make up the insufficiency of VFS and SPA-VFS evaluation methods discussed above, we attempt to propose an improved VFS evaluation method, by using normal membership functions to calculate relative membership degrees, and apply the new model to crane safety assessment.
The rest of this paper is organized as follows. Section 2 introduces the traditional VFS assessment method. Section 3 presents entropy weight method and the IVFS model with normal membership function. Section 4 investigates two cases involving an application to crane safety assessment and makes some comparison analysis. Finally, Section 5 offers the conclusions. [20] based on engineering fuzzy sets [25] and the relative difference function [26] , which broke through the static fuzzy set [27] established by Zadeh without considering the dynamic changing process of things. Variable fuzzy sets theory is described briefly as follows.
Traditional VFS Assessment Method
Let be a fuzzy concept and̃and̃represent the acceptability and repellency, respectively. For any element in ,̃( ) and̃( ) are the relative membership degrees
( ) is the relative difference degree (RDD) of tõand . Mapping : → ( ) ∈ [−1, 1] is defined as the relative difference degree (RDD) of to . Therefore, the relationship of RDD and the RMD is
(1)
where is defined as VFS of X, and + , − , and 0 are defined as attracting sets, repelling sets, and balance boundary of VFS , respectively [19] .
Relative Difference and Membership Degree Function.
We suppose that 0 = [ , ] is attraction domain of on the real axis. And is a certain interval [ , ] containing 0 ( 0 ⊂ ) (see Figure 1) . Based on the definition of VFS, we can infer that the intervals [ , ] and [ , ] are both exclusive domains; that is, −1 <̃( ) < 0. Suppose that is point value of̃( ) = 1 (̃( ) = 1) in attracting domain [ , ] . is a random point in interval . If locates on the left side of , relative difference degree functioñ( ) and relative membership degree functioñ( ) are as follows [32, 33] :
If locates on the right side of ,̃( ) and̃( ) arẽ
Synthesis Relative Membership Degree Function.
Suppose there are ( = 1, 2, . . . , ) indexes and (ℎ = 1, 2, . . . , ) levels, synthesis relative membership degree [34] can be calculated by
where ℎ ( ) is the synthetic relative membership degree to level ℎ; is the index weight; ℎ ( ) is the relative membership degree of th index to level ℎ; is the number of index; ℎ is the grade of the evaluation standard; is a distance parameter. When = 1, it is called Hamming distance. When = 2, it is Euclidean distance. is an optimization criterion parameter. When = 1, it is least single criterion. When = 2, it is least square criterion. There are four combination forms: = 1, = 1; = 1, = 2; = 2, = 1; = 2, = 2.
When = 1, = 1, (5) can be expressed as follows:
Traditional Assessment Steps Based on Variable Fuzzy Sets
Step 
) ,
where = 1, 2, . . . , ; ℎ = 1, 2, . . . , .
Step 2. According to the interval criterion matrix I and intervals of evaluation standard to establish variable interval matrix I ,
Step 3. Establish the point value mapping matrix M:
Step 4. Establish the RMD matrix ( ) based on (1) to (4):
] , = 1, 2, . . . , ; ℎ = 1, 2, . . . , .
Step 5. Determine the index weights. In this step, subjective or objective weighting method can be used to calculate index weights. Let index weight vector be
Step 6. Calculate the SRMD ( ) vector based on (5):
Step 7. Normalize the SRMD ℎ ( ):
Step 8. Calculate the level feature value H.
Step 9. Determine the safety level by discrimination rule [20] : 
3. An Improved VFS Assessment Model 3.1. Entropy Weight. Shannon firstly introduced entropy into information theory [35] . As an objective weighting method, entropy method has been widely in water quality assessment [22] , flood risk prioritization [36] , intrusion detection system evaluation [37] , and so forth. Entropy weighting method can fully use the data provided and objectively reflect the relative importance of each indicator. The entropy value of the th index can be expressed as
where ℎ is the relative membership degree of th index to level ℎ. To ensure that ℎ ln ℎ has mathematical meaning, ℎ ln ℎ is defined as 0 when ℎ = 0 [38] . The entropy weight of the th index is 
Improved VFS Assessment Model with
uses normal membership function to replace traditional VFS membership function. Suppose that is th ( = 1, 2, . . . , ) index and the level variable is ℎ (ℎ = 1, 2, . . . , ). The figure of normal membership function has symmetry property, which has the desired ability to overcome tedious calculation about RMD in VFS. Therefore, we adopt normal membership function [39, 40] to calculate RMD. That is,
where t and are nonnegative characteristic parameters; is characteristic value of th index; ℎ ( ) represent RMD.
(1) Let , index 's feature value of u, belong to level h (ℎ = 2, 3 . . . , − 1), according to the evaluation standard intervals [ ℎ , ℎ ]; then ℎ ( = ( ℎ + ℎ )/2) and ℎ ( = ℎ = ℎ ) are equal to 1 and 0.5 [41] , respectively. Putting = ( ℎ + ℎ )/2 and ℎ ( ) = 1 into (18), we have
Substituting (19) into (18), we have
Mathematical Problems in Engineering 5 Putting = ℎ (or ℎ ) and ℎ ( ) = 0.5 into (20), we have
Putting (19) and (21) into (18), (18) can be rewritten as
(2) Let , index 's feature value of , belong to level 1 (ℎ = 1), according to the evaluation standard intervals
; then ℎ=1 ( = 1 ) and ℎ=1 ( = 1 ) are equal to 1 and 0.5 [41] . Putting = 1 and ℎ ( ) = 1 into (18), we have
Substituting (23) into (18), we have
Putting = 1 and ℎ ( ) = 0.5 into (24), we have
Putting (23) and (25) into (18), (18) can be rewritten as
(3) Let , index 's feature value of , belong to level ℎ (ℎ = ), according to the evaluation standard intervals [ = −1 , ]; then ℎ= ( = ) and ℎ= ( = ) are equal to 0.5 and 1 [41] , respectively. Putting = and ( ) = 1 into (18), we have
Substituting (27) into (18), we have
Putting = and = 0.5 into (28), we have
Putting (27) and (29) into (18), (18) can be rewritten as
According to VFS, RMD ℎ is larger 0 to attraction domain [a, b] and exclusive domains [c, a] and [b, d] , while RMD ℎ to other domains is 0. That is to say, if x locates in the discussed h level, the RMDs to discussed and adjacent levels can be determined by (22) , (26) , and (30) , and the RMDs to the other intensity levels are 0. Generally, for = 5 in this case study, the calculating equations of ℎ ( = 1, 2, . . . , ; ℎ = 1, 2, . . . , = 5) are as follows. If locates in the discussed level 1, the RMDs ℎ can be calculated by
If locates in the discussed level 2, the RMDs ℎ can be calculated by
If locates in the discussed level 3, the RMDs ℎ can be calculated by 
If locates in the discussed level 4, the RMDs ℎ can be calculated by
If locates in the discussed level 5, the RMDs ℎ can be calculated by
Using (31)- (35), the RMD matrix ( ) = ( ℎ ( )) can be obtained. Although the normal membership function is a nonlinear model, it can be easily solved by using Microsoft Excel software. Based on the above analysis, the RMD calculation of traditional VFS model was improved with normal membership function. The flow chart of assessment procedure is provided in Figure 3 . The evaluation procedure with the proposed approach is as follows:
(1) Establish assessment indexes system and classification standards. 
Case Study
In this section, we examined two numerical cases using the proposed IVFS method. The first case was used to demonstrate the validity and reliability of our approach. Then the second case was the application of the proposed approach to crane metal structure after assessment. Finally, the analysis and comparison of the evaluation results are also conducted to show the superiority of our proposed model.
Case 1.
The surrounding rock stability assessment data for 5 samples [28, 29] are listed in Table 1 . According to previous studies, stability of surrounding rock is usually divided into five levels [28, 29] . And the assessment levels for stability of surrounding rock are shown in Table 2 . The weights of the indexes cited from [28] Step 1. Utilize (32) to calculate RMDs to levels I, II, and III respectively: 
12 ( 
13 ( 
According to VFS and (31)-(35), RMDs to levels IV and V are as follows: Basic quality grading method [28] Variable fuzzy set method [28] Triangular fuzzy number method [29] Set pair-extenics method [30] 1 I I  I I  I I  I I  I I  2  I I  I I  I I  I I  I I  3  I I  I I  I I  I I  I I  4  I  I  I  I  I  5  I I  I I  I I  I I  I I Similarly, we get the RMD vectors of the rest indexes to all levels. And the RMD matrix of sample 1 to every level is as follows: 
Step 2. Using (5), the SRMD vectors of sample 1 to all levels are 
Step 3. Using (13) 
Step 4. Utilizing (14) , the average feature value for sample 1 is calculated as sample 1 = 1.704.
According to the level discriminant rule (15), sample 1 belongs to level 2. All the calculations are implemented in MS Excel worksheets.
Doing the same calculation to sample 1 to sample 5, the evaluation results of 5 samples are shown in Table 3 . The surrounding rock stability levels of the five samples obtained by other four methods, that is, basic quality method [28] , variable fuzzy set method [28] , triangular fuzzy number method [29] , and set pair-extenics method [30] were also listed in Table 3 . It is obvious that the evaluation results of our approach are in a good agreement with that obtained by the other four methods. It suggests that our proposed approach is validated and reliable.
Case 2. The safety of a crane depends directly on its key systems or components. Crane metal structure approximately accounts for 60-70% of total weight [42] . Crane metal structure plays an important role in the whole machine and even determines the service life of the crane. Accurate analysis and evaluation of the safety state of the crane metal structure can effectively prevent accidents and reducing economic losses and provide useful quantitative information for the crane management departments.
Consider an application of the improved VFS model to crane metal structure safety assessment. The crane metal structure safety assessment is a synthetic evaluation and consists of many factors. Based on the previous studies [31] , we selected crack (C 1 ), strength (C 2 ), stiffness (C 3 ), deformation (C 4 ), and corrosion (C 5 ) as the evaluation indicators. Five levels of crane metal structure in the study include very good (I), good (II), fair (III), poor (IV), and very poor (V). Index classification standards [18] are listed in Table 4 . Table 5 shows the dimensionless values of indicator and subjective weights obtained by AHP from a port crane [31] . Then, we proceed to use the proposed method to assess the port crane.
Step 1. Using (31)- (35), we get the RMD crane matrix as follows: .
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Safety level Crack (C 1 ) S t r e n g t h( C 2 ) S t i ff n e s s( Table 5 : Index assessment values and weights.
Crack (C 1 ) S t r e n g t h( C 2 ) S t i ff n e s s( Step 2. Utilize (16) and (17) to get the objective weight vector.
To compare the assessment results to different weights, we also considered 5 subjective weights for the port crane [31] . Objective and subjective weights are both listed in Table 5 , respectively.
Step 3. With the use of subjective weights [31] and (5), the SRMD vector denoted by crane is obtained. According to (13) , normal SRMD denoted by crane is obtained and listed in Table 6 .
Step 4. The average level's feature value is crane = 3.68.
Step 5. According to the level discriminant rule (15), the assessment result is level IV.
Evaluation results of the port crane metal structure were listed in Table 8 . Using the subjective weight vector W = (0.561, 0.2115, 0.108, 0.0713, 0.0483) [31] , the safety level feature value is 3.68. That is to say, the safety of port crane structure belongs to level IV. Adopting the objective weight vector W = (0.1989, 0.2495, 0.1911, 0.1693, 0.1911), the safety level feature value is 2.58. The safety grade of port crane structure changes to level III. From the results given by the subjective and objective weight vectors, it can be conclude that the index sensibility is apparent.
To further test the feasibility of IVFS, VFS and SPA-VFS models were also employed for the port crane metal structure safety assessment. Here, we only present the brief assessment procedures of SPA-VFS method proposed in [23] . Its single index connection degree V ℎ can be calculated as follows:
if locates in the adjacent ℎ − 1 grade 
where ℎ is extremum value of evaluation standard to level h. x is characteristic value of th index. = 1, 2, . . . , , ℎ = 1, 2, . . . , . ℎ is the uncertainty component coefficients of discrepancy degree that represents the relation between x and level h. The RMD ℎ between the th index and level ℎ is
Step 1. With the use of (46), the single index connection degree matrix r crane can be written as . (49) Step 3. With the use of subjective weights [31] and (5), the SRMD vector denoted by crane is obtained. According to (13) , normal SRMD denoted by crane is obtained and listed in Table 7 .
Step 4. The average level's feature value is crane = 3.62.
Step 5. According to the level discriminant rule (15) , the safety of port crane metal structure belongs to level IV.
For comparison, the results of port crane by various methods are all listed in Table 8 . From it, we can find that the results obtained by IVFS are in a good agreement with those given by SPA-VFS and VFS. The fundamental reason why the safety level given by IVFS is identical with that by VFS lies in the characteristics of IVFS membership function. As shown in Figure 2 , the graph of IVFS membership function is similar to that of VFS membership function. The assessment results reflect the consistency of IVFS and VFS. It assumes that the results given by the proposed model are acceptable in crane safety level assessment. However, the safety levels of the port crane obtained by Wu and Shen [31] and this study are different. Take the results given by subjective weights, for example. The obtained assessment grades by IVFS, SPA-VFS, and VFS are IV, while the grade is level III by using AHP method in [31] . One reason is that AHP approach has not the ability to determine RMD. Another is that [31] adopted integral assessment standards leading to very crude level of the port crane. As a matter of fact, in many applications, crane metal structure evaluation standard is described by an interval such as the crack (C 1 ) index, in which level II is 0.8-0.9 and level III is 0.7-0.8 (see Table 4 ). It is obvious that the IVFS, SPA-VFS, and VFS methods are all suitable for application in crane metal structure assessment for safety standard described by an interval and overcome the shortages of Wu's approach [31] .
From a methodology point of view, VFS and SPA-VFS use the linear functions to describe the RMD, while ours adopts nonlinear functions, for example, normal membership function. Two cases illustrate the feasibility that traditional linear membership functions are replaced with normal membership ones.
Mathematical Problems in Engineering According to the comparison shown in Figure 4 , the curve of the ranking feature values determined by IVFS appears relatively smooth. On the whole, the two curves of the ranking feature values determined by IVFS and VFS are similar. It is consistent with the hypotheses in Section 3.2. The line of the ranking feature values determined by determined by SPA-VFS is more complicated than the other two. So it can be inferred that the level feature values obtained by IVFS and VFS are more stable than that by SPA-VFS.
In this study, we proposed IVF method for crane safety evaluation. Compared with Wu's method [31] , VFS, and SPA-VFS, the IVFS method has the merits as follows.
(1) Compared with Wu's method [31] , IVF can deal with the evaluation problem of crane safety when crane risk standards are expressed in intervals.
(2) Compared with VFS, the IVFS method, by replacing traditional VFS membership function with normal membership function, does not need to select piecewise linear membership function to calculate RMD and thus simplifies assessment processes.
(3) Compared with SPA-VFS, the advantage of IVFS is validated as shown in Figure 4 . That is, level feature values obtained by IVFS are more stable than that from SPA-VFS. In addition, although SPA-VFS has the merit of simple computation over to VFS [43] , the calculations of IVFS are even slightly concise and straightforward than those of SPA-VFS which needs to transform connection degree matrix to RMD matrix.
Although normal membership function may look complicated, it can be solved by Microsoft Excel easily. Thus, it is not hard to see that our proposed model has some desirable advantages over the Wu's method [31] , VFS, and SPA-VFS.
Conclusions
Crane safety evaluation is of great significance to reduce casualties and economic losses. Therefore, it has drawn close attention from scholars and engineering. However, previous crane safety evaluation models are not ideal for dealing with assessment standard described in terms of interval. This paper presents an improved VFS method so as to simplify the evaluation process with nonlinear membership function, for example, normal membership function, and applied it to evaluate crane safety when the criteria are expressed as intervals. Some conclusions are drawn as follows.
(1) This paper solves the assessment problem of crane safety when crane evaluation standards are described in intervals. Two cases including an application to port crane metal structure safety assessment have been examined using IVFS and demonstrated its superiorities and the detailed implementation process.
(2) The results show that the IVFS model is feasible for assessing the crane metal structure safety and convenient for practical applications. This proposed method may be an effective alternative approach for safety evaluation of other problems with no much modification.
No matter whether we use subjective or objective weights, the results obtained by IVFS are consistent with those given by VS and SPA-VFS. So it can provide a valuable reference for crane risk assessment. However, the results are based on relatively limited data samples. Thus, it is necessary to involve more empirical studies in future. In addition, Table 8 shows that the assessment levels given by subjective weights [31] and objective weights are different. Therefore, more rational weighting method should be considered in the future study.
